By applying mixture modeling techniques to flow cytometry data, we revealed that, as expected, treatment with EPO increased the fraction of erythroid precursors in murine bone marrow. However, we also found the fraction of apoptotic and dead late stage erythroid precursors increased. Furthermore, we also demonstrated that EPO increased the ratio of dead polyploid to dead diploid erythroid cells, providing evidence that EPO increased the probability that dividing erythroid precursors will enter apoptosis, a finding not evident by expert human analysis. These results indicate that mathematical analysis can be a powerful approach for analyzing flow cytometry data and understanding complex biological systems.
Introduction
Erythropoiesis is a highly efficient, multi-step process for forming red blood cells (RBC) from multipotent hematopoietic stem cells in which erythropoietin (EPO) plays a central role [1] . EPO is a 34 kDa glycoprotein whose amino acid sequence is highly conserved among mammals (91% identical in monkeys, ~80% identical in rats and mice) [2] . In the early stages of erythropoiesis, multipotent hematopoietic stem cells give rise to committed erythroid progenitors (identifiable by their in vitro behavior burst forming unit cellserythroid (BFU-E) and colony forming units-erythroid (CFU-e)), and subsequently the morphologically identifiable erythroid precursors: proerythroblasts and basophilic erythroblasts. At each stage, a cell can divide; undergo apoptosis or progress to the next stage of maturation. EPO plays a major role in determining the fate of CFU-e and proerythroblasts, increasing the * To whom correspondence should be addressed. Contact: JLU9@cntus.jnj.com Tel: (610) 240-8234 Fax: (610)-651-6887 number of erythroid precursors but without altering the length of the cell cycle or number of mitotic divisions involved in the differentiation process [3] . In the later stages of erythropoiesis, basophilic erythroblasts mature into the nondividing polychromatophilic and orthochromic erythroblasts. It is generally accepted that EPO is a growth and differentiation factor for early erythroblasts [4] , but its role in determining the fate of the later stage cells is less well understood.
The objectives of this study were to validate the use of mixture modeling techniques to analyze 4 and 6 parameter flow cytometric data and to apply these tools to evaluate data on bone marrow cells obtained from mice treated with a single dose of EPO in a effort to better understand its mechanism of action at the cellular level.
Materials and Methods

Mice
Ten to twelve week old female C57BL/6 mice (Charles River Laboratories, Raleigh, NC) were group housed in filter-topped plastic shoebox style cages. Food and water were available ad libitum and the room had a 12 hr light/dark cycle. Mice (4 /group) received a single subcutaneous dose of EPO (3000 U/kg) or phosphate buffered saline. This dose was determined to expand the populations of late erythroid precursors in the bone marrow. The mice were euthanized 24 hours after dosing and single cell suspensions of bone marrow cell from the femur prepared. The Institutional Animal Care and Use Committee at Centocor approved all procedures.
Flow Cytometry
Enucleated red blood cells were lysed with ammonium chloride. Cells were resuspended in PBS without Ca ++ or Mg ++ and supplemented with 2% heatinactivated FCS and 0.1% NaN 3 (staining buffer), aliquoted at 5x10 5 per well and pre-incubated with anti-murine CD16/CD32 (FcgRIII/II, BD Pharmingen, San Diego CA) 2.4G2 to eliminate FC receptor-mediated antibody binding. Cells were then incubated for 20 minutes with fluorescently labeled monoclonal antibodies to the erythroid lineage marker, TER119 (phycoerythrin) and transferrin receptor CD71 (allaphycocyanin), allowing for discernment of proerythroblasts, basophilic erythroblasts, polychromic/orthochromic erythroblasts [5] . To allow study of early and late stage apoptosis's, cells were also stained for cell surface exposure of phosphatidylserine with Annexin V (fluorescein isothiocyanate) and for membrane permeability with 7-aminoactinomycin-D (7-AAD) [6] . Moreover, since 7-AAD fluorescence is quantitatively associated with the DNA content in cells freely permeable to the dye [7] , intensity of 7-AAD staining was used to discriminate dead polyploid from dead diploid cells.
Flow cytometry was performed with a FACSCalibur 4 color flow cytometer (Becton Dickinson, San Jose, CA). Data were collected for 10,000 events from each sample (4 control and 4 EPO samples). To enable our mathematical analysis, list mode data were converted into text files using WINMDI2.8 (Windows Multiple Document Interface Flow Cytometry Application, http://facs.scripps.edu/software.html) and exported as 6 dimensional vectors (fluorescence intensity for the four fluorescence channels, plus forward scatter (FSC) and side scatter (SSC)).
Data Analysis
Since bone marrow mixture data contained many subpopulations, finite mixture modeling is a reasonable approach to data of this nature. Finite mixture modeling has been applied to data where observations originate from various groups and the group affiliations are not known [8, 9] . Several different mixture modeling techniques were applied to analyze bone marrow mixture data.
Subtying the Bone Marrow Mixture Using a Multivariate Approach
Model-based hierarchical clustering [10] was used in this study to subtype bone marrow mixture. This method was implemented as an R software package (MCLUST) [11] , that implements parameterized Gaussian hierarchical clustering algorithms and the Expectation-Maximization (EM) algorithm for parameterized Gaussian mixture models and combines hierarchical clustering, EM and Bayesian Information Criterion (BIC) for clustering, density estimation, and discriminant analysis. The EMclust function of the package generates BIC information for decision on the optimal number of clusters and the parameterization of the covariance matrix. "EII", "VII" and "EEE" are the three different parameterizations of the covariance matrix used in this application. "EII" stands for spherical distribution, equal volume and equal shape, "VII" stands for spherical distribution, variable volume and equal shape, and "EEE" stands for ellipsoidal distribution, equal volume and equal shape [11] .
Subtyping the Bone Marrow Mixture Using Full Parameter List
From a global point of view, we wanted to use all the information we had to subtype the bone marrow mixture. We used the EMclust function to find the optimal number (K) of clusters and the parameterizations of the covariance matrix. We then partitioned the mixture data into K clusters. Each cluster was examined and interpreted in a biological context. The effect of EPO on murine bone marrow populations was further analyzed if meaningful clusters were generated.
Subtyping the Bone Marrow Mixture Using Partial Parameter List
Since FSC and SSC are not specific markers for cell type and functional states, using FSC and SSC would obscure our clustering analysis if we wanted to subtype bone marrow cells based on cell types and functional states. For this purpose, we clustered all bone marrow cells without using FSC and SSC. Again, we used EMclust function to get the optimal number of clusters (K) and the parameterizations of the covariance matrix. And we clustered the data into K clusters and got biological interpretation for each cluster generated. We then looked for the effects of EPO on murine bone marrow populations.
Subtyping the Erythroid Cell Mixture
Since our main interest was in the erythroid population, we were interested in finding the subpopulations within the erythroid cell mixture. Using univariate two-category Gaussian mixture modeling we found TER119 positive population that corresponded to erythroid cell population.
For each of the erythroid mixture data, we found the optimal number of clusters (K) and the corresponding parameterizations of covariance matrix. We then clustered the mixture data into K clusters using full parameter list and obtained the biological interpretation for each cluster generated. The effects of EPO on murine bone marrow populations were further analyzed.
Subtyping the Bone Marrow Mixture Using Univariate Approach
We also looked at one parameter at a time to explore the bone marrow mixture data. The advantage of univariate analysis is that it is convenient for biologists to identify the subpopulations. We used Gaussian mixture modeling and mixed mode latent class regression [12] to subtype bone marrow cells.
We first partitioned the bone marrow mixture into live, apoptotic, and dead subpopulation based on 7-AAD ( Figure 1) .
For live and apoptotic subpopulations, we further separated them into erythroid and non-erythroid subpopulations using TER119. We partitioned the dead subpopulation into polyploid and diploid subpopulation. We then divided polyploid and diploid dead subpopulations into erythroid and non-erythroid subpopulations. 
Two-Category Gaussian Mixture Modeling
Bayes decision rule was used to separate a mixture of two Gaussian populations w j , j∈{1, 2}. For a data point x, the posterior probability of class w j given data point x is:
Where, P(w j ) is the prior probability of class w j , p(x|w j ) is the class conditional probability density function of data point x given class w j . p(x) is computed using equation 2.
According to Bayes decision rule, data point x belongs to class w 1 if P(w 1 |x) > P(w 2 |x). Otherwise, x belongs to class w 2 .
Given a set of data points, two-category Gaussian mixture modeling is implemented in an iterative fashion. It starts with initializing 5% quantile as the mean for class w 1 , 95% quantile as the mean for class w 2 . We refer the two means as mean1 and mean2. The standard deviations of the two Gaussian distribution are initialized as the difference between mean1 and mean2. The prior probabilities of class w 1 and w 2 are initialized to 0.5. Each data point is classified into either class w 1 or w 2 based on the Bayes decision rule. At the end of each iteration, the prior probabilities for w 1 and w 2 are recomputed based on the classification results. The mean and standard deviation for the w 1 and w 2 are also recomputed. The recomputed priors and Gaussian population parameters (mean and standard deviation) are used for Bayesian classification in the next iteration. At the next iteration, each data point is reclassified based on the recomputed priors and Gaussian population parameters. If the results of reclassification from current iteration are the same as the classification results from previous iteration, the program stops. Otherwise, the program runs until it satisfies the stopping criteria or a maximum number of iterations are reached. The outputs of the program are the two subsets of data (one belongs to w 1 and the other belongs to w 2 ) and the Gaussian population parameters associated with w 1 and w 2 .
Mixed Mode Latent Class Regression (MMLCR)
MMLCR is an Splus/R library for mixed-mode latent class regression which can handle both longitudinal and one-time responses [12] . The software is written completely in Splus code and is built around the EM algorithm. In our application, we used MMLCR for separating one time response mixture data without any predictors for regression.
Results and Discussion
FSC, SSC, Annexin, TER119, 7-AAD, and CD71 values were obtained for both control and EPO treated bone marrow samples. Figure 2 shows histograms of intensity values of 6 parameters for single control and EPO treated bone marrow samples. 
Subtyping the Bone Marrow Mixture Data Using Multidimensional Data
Using all 6 parameters, 10 clusters for both control and EPO treated samples were found. However, it was impossible to interpret the clusters generated (Data not shown). In a second attempt to cluster the cells, data for FSC and SSC were eliminated from the analysis. A total of 60 (20 x 3) different mixture models (1 to 20 components, and 3 different parameterizations of covariance matrix) were obtained for each sample. Based on Bayesian Information Criteria, we found 10 clusters for both EPO and control samples.
The resulting clusters for control and EPO treated samples are shown in Figure 3 . Clusters were sorted in descending TER119 order. 
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Intensity Annexin We also obtained the summary of the subtypes by merging the clusters that belong to the same biological subtypes (Table 1) . The erythroblast subpopulation increased from 25.65% to 44% in EPO treated samples. Among the subtypes found in erythroblast subpopulation, the apoptotic subpopulation increased from 9.95% to 29.41% in EPO treated samples. The apoptotic non-erythroid subpopulation also increased from 7.6% to 20.38% in EPO treated sample.
Clustering Erythroid Cell Mixture
A total of 60 (20 x 3) different mixture models (1 to 20 components, and 3 different parameterizations of covariance matrix) were obtained for each sample. Based on Bayesian Information Criteria, we found 15 clusters for the control samples and 12 clusters for the EPO treated samples.
The resulting clusters for control and EPO treated samples are shown in Figure 4 . The clusters were sorted in descending CD71 order. A summary of the subtypes was obtained by merging the clusters that belong to the same biological subtypes (Table 2) . We found that dead ProEB, Apop P/O-EB and Dead P/O-EB increased in EPO treated samples.
Finding the Ratio of Erythroid Polyploid Dead Cells Using Univariate Analysis
Dead cells were partitioned into two subpopulations based on the 7-AAD data. Both two-category Gaussian mixture modeling and MMLCR were applied to the dead cell mixture data. We used 7-AAD data to separate Polyploid and diploid dead cells. We used TER119 data to further separate erythroid cells and non-erythroid cells for Polyploid and diploid dead cells. Figure 5 shows an example of this process. The ratio of erythroid Polyploid dead cells is shown in Table 3 . The ratio of erythroid Polyploid dead cells is defined as the ratio between the number of erythroid Polyploid dead cells and the sum of the number of erythroid Polyploid and diploid dead cells. Using both modeling methods, we found that ratio of erythroid Polyploid dead cells increased significantly in EPO treated samples (Table 3 ).
Finding the Ratio of Apoptotic Erythroid Cells Using Univariate Analysis
The ratio of apoptotic erythroid cells is defined as the ration between the number of apoptotic erythroid cells and the total number of erythroid cells. We found that the ratio of apoptotic erythroid cells increased significantly in EPO treated samples (Table 4) . 
Conclusion
The results of this study have shown that although treatment with EPO increased the fraction of erythroid precursors in murine bone marrow, the fraction of apoptotic and dead late stage erythroid precursors also, and somewhat paradoxically increased. Furthermore, we also discovered that EPO increased the ratio of dead polyploid to dead diploid erythroid cells, suggesting that EPO increased the probability that dividing erythroid precursors will enter apoptosis.
Although its ability to rescue EPO-dependent cells starved for EPO in vitro is well established, the in vivo effects of EPO are more complex; red cell production being the sum effect of proliferation, apoptosis and maturation [13] . Since erythropoiesis is know to be delicately controlled, our data suggest that even in the face of high pharmacological doses of EPO, feed back control loops are in play. It has been suggested previously that the Fas-Fas ligand system may be playing an important role in this process [4] .
In conclusion, application of statistical modeling and clustering is a novel and powerful approach to analysis of flow cytometry data. Using these tools could help researchers to understand data of multiple dimensions (in our case, 6 dimensional vectors) and provide some insights on the relations and patterns of the data. Our findings demonstrate the power of this mathematical approach.
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